In this paper, a 
Introduction
Breast cancer has long being a significant health problem in the world. Early detection is important to improving breast cancer prognosis. Mammography is the most common and effective method for screening and diagnosis of breast cancer [1] [2] . But raw mammograms obtained from a low-dose X-ray machine make distinction between normal glandular tissue and malignant disease very difficult. Therefore, the behavior of radiologists tends to be fairly cautious in order to avoid any failure in malignant case diagnosis (false negative cases), prescribing further invasive diagnostic procedures such as biopsy to patients.
In this situation, it is very important to enhance the contrast of the mammograms screened by radiologists. A general contrast-enhancement technique can be described as a mapping that assigns to each pixel in spatial or transform domain a new value. Conventional, sophisticated global enhancement technologies of medical image processing, such as contrast stretching, histogram equalization and contrast limited adaptive histogram equalization, work well on images with a fairly uniform intensity [4] [5] [6] , however, many images demonstrate features with poor local contrast which are located in areas of widely different intensity. And they are single-scale spatial domain technologies and thus can only enhance the contrast of a finite range of sizes. To enhance features of all sizes simultaneously, multi-resolution enhancement technologies based on the wavelet transform have been developed [7] [19] . With respect to wavelet contrast enhancement, in the framework of the redundant wavelet transform, the main approach, proposed by Laine, is linear or nonlinear mapping of wavelet coefficients [8] [9] .This approach has demonstrated significant contrast enhancement of mammographic features and also improved assessed visibility of them. A method aimed at minimizing image noise while optimizing contrast of image features is proposed by Sakellaropoulos [17] . The method is based on local modification of multi-scale gradient magnitude values provided by the redundant dyadic wavelet transform. A direct image enhancement method in the wavelet domain for screening the mammograms was proposed by Tang [15] . The method is a direct contrast enhancement technology because it modifies the contrast of the image directly. The methods are different, but they all enhance the contrast of mammograms for the user to see subtle signs such as microcalcifications and masses more clear, which are hardly distinguishable in the original image.
However the traditional multiscale representations have some limitation. They are only adapted to detect the singularity point in image. But mammograms are the medical images including discontinuities along edges or curves. These elements in mammograms are highly anisotropy and linear singularity which is not adapted to be detected by the wacelet transform.
Recently, the curvelet transform is proposed by Candes and Donoho to substitute for the wavelet transform, for providing efficient representation of smooth objects with discontinuities along curves [11] [20] . The curvelet transform was applied to image denoising. Curvelet methods can obtain smaller asymptotic mean square error of reconstruction than wavelet methods. While they offer visually sharper images and, in particular, higher quality recovery of edges and of faint linear and curvilinear features than wavelet bases [10] . Starck presented a method for contrast enhancement of nature images based on the curvelet transform. They found that curvelet based enhancement outperformed other enhancement method on nature noisy images [12] . Curvelet method provides stable, efficient and near-optimal representation of otherwise smooth objects and also has special micro-local features which make them especially adapted to image enhancement problems with mammograms [16] .
In the following section, the characteristic of mammogram curvelet coefficients is given. Then, a method aimed at optimizing contrast of mammographic features is presented. Contrast enhancement is accomplished by applying local range modification on curvelet coefficients. According to the characteristic of mammogram curvelet coefficients, we choose the local middle value of curvelt coefficients in a K× K window at the absolute value of the sub-band image at scale j, angle l and position (k 1 ,k 2 ) in LRM method to stretch curvelet coefficient in low-contrast regions. The standard deviation of coefficient values for each scale/angle pair (j,l) is calculated as an index to increase the gain of subband curvelet coefficients. The processed image is derived by reconstruction from the modified curvelet coefficients. In the results section, the effectiveness of the proposed method is evaluated by performance metrics. Results show that our method can emphasize significant features in mammograms and improve the visualization of breast pathology.
Characteristic of Curvelet Coefficients

curvelet transform[13]
The curvelet transform is a multiscale pyramid with many directions and positions at each length scale and needle-shaped elements at fine scales, as show in Figure 1 . The geometric features of the curvelet transform is different from wavelets, but it is useful to express edges and faint linear and curvilinear features than wavelets. For instance, curvelet coefficients obey a parabolic scaling relation which says that at scale 2 −j , each element has an envelope which is aligned along a 'ridge' of length 2 −j/2 and width 2 −j .
[13] According to the mathematical properties of the curvelet tansform, it can efficiently solve many important problems [13] :
Firstly, curvelet coefficients provide optimally sparse representations of edges. The edges are curvepunctuated smoothness-smoothness except for discontinuity along a general curve with bounded curvature. Such representations are nearly as sparse as if the edge were not singular and turn out to be far more sparse than the wavelet decomposition of the edge.
Secondly, curvelet coefficients provide optimally sparse representation of wave propagators. Curvelet coefficients behave like waves when they are viewed as coherent waveforms with enough frequency localization. On the other hand, Curvelet coefficients simultaneously behave like particles when they are viewed as coherent waveforms with enough spatial localization.
Thirdly, curvelet coefficients provide optimal image reconstruction in severely ill-posed problems. Curvelet coefficients have special microlocal features, So they especially adapted to many important medical applications, such as reconstructting an image from noisy and incomplete tomographic data.
To develop the curvelet transform to a wide range of problems, a fast digital implementations of curvelet transform would be needed. There are two digital implementations of curvelet transform. One is based on unequally-spaced fast Fourier transforms (USFFT), another is based on the wrapping of specially selected Fourier samples. The two implementations is different only in the choice of spatial grid which is used to translate curvelet coefficients at each scale/angle pair (j, l). They all return a table of digital curvelet coefficients at each scale/angle pair (j, l).
The architecture of fast discrete curvelet transform (FDCT) via Unequispaced FFT's [13] is as follows:
1. Apply the 2D FFT and obtain Fourier samples 1 2 [ , ] f n n , −n/2 ≤ n1, n2 < n/2.
2. For each scale/angle pair (j,l), resample (or interpolate) 1 2 [ , ] f n n to obtain sampled values
3. Multiply the interpolated object f with the parabolic window j U , effectively localizing f near the parallelepiped with orientation l  , and obtain , 1 2 We shall see that it is possible to design an algorithm which, for practical purposes, is exact and takes O(n 2 logn) flops for computation, and requires O(n 2 ) storage, where n 2 is the number of pixels. The fast discrete curvelet transform (FDCT) via wrapping also take O(n 2 logn) flops for computation. The two digital implementations of curvelet transform are also invertible and the rapid inversion algorithms have the same complexity [13] .
Characteristic of Mammogram Curvelet Coefficients
Mammographic images are screened by radiologists for detecting subtle signs such as microcalcifications and masses. Masses have a number of different shapes. Round, low density masses with smooth, sharply defined margins are generally considered benign while high density, stellate, spiculate masses with poorly defined margins are considered malignant. Microcalcifications are tiny calcium deposits accumulated in breast tissue which appear in mammograms as small bright spots embedded within an inhomogeneous background [18] .
To provide an illustration of curvelet subbands, we apply fast discrete curvelet transform to a mammogram with 6 decomposition scales. Curvelet coefficients have special microlocal features, so they especially adapted to sparse represent subtle signs in mammograms. And we find that curvelet coefficients of small amplitude contain information about background and noise in a mammogram; those curvelet coefficients of large amplitude contain information about clear boundary in a mammogram; only those curvelet coefficients of middle amplitude contain detail information such as masses and micro calcification in a mammogram. So, we can use the local middle value of curvelt coefficients in a K× K window at the absolute value of the sub-band image at scale j, angle l and position (k 1 ,k 2 ) in LRM method to stretch curvelet coefficient in low-contrast regions.
The subbands generated from this image are shown in Figure 2 . From the curvelet texture representation shown in Figure 2 , we find that mammographic subtle signs are clearer at higher scales than at lower scales. While, the contrast of subband image becomes lower and lower with the increase of scale. Furthermore, the standard deviation of pixel values in each subband also decreases with the increase of scale. So we can use the inverse of the standard deviation of coefficient values for each scale/angle pair (j, l) to weight the curvelet coeifficients from different level. 
Local Contrast Enhancement
Based on the multi direction and anisotropy of curvelet transform, Curvelet coefficients can be modified in order to enhance mammographic feature in this paper. Curvelet coefficients are proportional to image intensity variations and therefore they are related to local contrast. Local range modification (LRM) is a grey-level enhancement technique which is essentially adaptive windowing in spatial domain [3] . The transformation for a given pixel is a linear contrast stretch with the lower and upper boundaries set to the estimated local minimum and maximum. The enhancement process of LRM has been modified and is applied on curvelet coefficient values. According to characteristic of curvelet coefficients presented in section 2.2, the curvelet coefficients of middle amplitude contain detail information such as masses and micro calcification in a mammogram. The local middle values of curvelet coefficient in a K× K window at the absolute value of the sub-band image at scale j, angle l and position (k 1 ,k 2 ) are chosen to used in LRM method, for monotonically increasing the curvelet coefficient mapping. Therefore, the local enhancement process stretches curvelet coefficient in lowcontrast regions.
However, over low contrast in such regions result in a significantly increased gain at a region around them can yield the respective regions would appear in the processed image as blurred. Thus, the local limit maxima parameter L is used to limit the adaptive gain. Setting L equal to 10 provided satisfactory results for all images processed in this study.
Moreover, according to characteristic of curvelet coefficients presented in section 2.2, the curvelet coefficients at high scales contain more mammographic features while the standard deviation of pixel values in high scales is small. The small standard deviation of pixel values denotes low-contrast of the subband image. Thus, the standard deviation of coefficient values for each scale/angle pair (j, l) is used as an index to increase the gain of sub-band curvelet coefficients and to emphasize mammographic features in each scale/angle pair (j, l) of the curvelet transform space.
The limited local adaptive gain G j,l (k 1 ,k 2 ) is derived by:
where T j,l,max =max{ T j,l }. T j,l is the standard deviation of pixel values in each C j,l , that is:
is the local middle value in a K× K window at the absolute value of the subband image at scale j, angle l and position (k 1 ,k 2 ). In this study, a constant window size of 3× 3 pixels was used.
The local adaptive enhancement method by curvelet transform consists of the following steps:
Step 1. Calculate the curvelet transform of the input image. We get a set of bands C j,l (k 1 ,k 2 ) for each scale/angle pair (j, l).
Step 2. Calculate the limited local adaptive gain G j,l (k 1 ,k 2 ).
Step 3. The enhanced curvelet coefficient values are given by C j,l
Step 4. Reconstruct the enhanced image from the enhanced curvelet coefficients.
Experimental Results
The contrast of five regions which contain calcifications or masses was enhanced in the experiment. The five regions were selected from five mammograms in the mammography database of the Mammographic Institute Society Analysis (MIAS). All the mammograms are digitized at a 200 μm pixel edge, with 1024× 1024 pixel resolution and 8 bit accuracy. The database consists of 322 mammograms of right and left breast, from 161 patients, where 51 were diagnosed as Malignant, 64 Benign and 207 Normal.
The proposed method was compared with three representative image enhancement methods: (a) contrast limited adaptive histogram equalization (CLAHE) [6] , (b) direct wavelet enhancement (DE) [15] and (c) wavelet adaptive enhancement (WE) [17] . Figure 3 shows the areas containing calcifications or masses cropped from the processed mammograms for each method of contrast enhancement. It is clear from Figure 3 that the proposed method better preserved the morphology of the mass and its surrounding structures. From the regions containing calcifications shown in Figure 3 , we can see that the regions cropped from the enhanced image by the proposed method have higher contrast than the region cropped from the enhanced image by other methods. The edge of calcification or mass in regions cropped from the enhanced image by WE and DE is blurred. The regions cropped from the enhanced image by CLAHE have high contrast of calcifications, but generally tend to have proportionally increased noise. Moreover, the area of calcifications in regions cropped from the enhanced image by CLAHE is larger than the area of calcifications in regions cropped from the original image.
In order to measure the enhancement effectiveness quantitatively, the objective measures that have been used in this paper are:
1) The edge protection index (EPI) [14] is defined as follows:
where I o (i,j) is an original image pixel intensity value for the pixel location (x,y), I p (i,j) is a processed image pixel intensity value for the pixel location (x ,y).
2) The contrast improvement index (CII) [17] is defined as follows:
where C is the average value of the local contrast in the processed or original region. 
Conclusions
According to the characteristic of mammograms curvelet coefficients, obtained by the fast discrete curvelet transform of Candes and Donoho, a method for attempting to enhance the contrast of mammograms by adaptive local transformation has been investigated in this study. The method visually better emphasises on features of specific interest to mammogram, including mass and calcification, such as better preserve the morphology of the mass and its surrounding structures. And the objective measures of the method are superior to those obtained using competitive methods. So, The curvelet-based mammogram enhancement method could play an important role in improving the imaging performance of digital mammography.
Emphasis in this work is to find the characteristic of mammograms curvelet coefficients and then to find the best way to treat curvelet coefficients for enhancing the subtle features in mammograms. Moreover the method is generic and can be also applied to medical images of other imaging modalities.
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